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Abstract

Climate change is increasing the magnitude and frequency of extreme weather events,
leading to an increase in the economic losses from these natural disasters. Financial in-
stitutions, corporations, and governments are required to report on their exposures to
climate change, in particular those related to meteorological hazards. Typically, approaches
that project losses due to climate change employ top-down approaches using impact mod-
els and damage curves. Despite their high levels of complexity, the confidence in these
approaches is low. We propose a novel approach to calculate future economic losses, us-
ing a physically based statistical approach that is directly linked to future climate pro-
jections. The approach is general and can be applied to any economic risk from extreme
weather. We model aggregate loss distributions using a nonstationary multivariate Pois-
son distribution to model the frequency of events, and a conditional generalized Pareto
distribution to model the magnitude of the events. These distributions employ demo-
graphic and climate covariates which are easily projected from climate model simulations.
We illustrate our method by estimating the flood risk to property for Western North Amer-
ica. By the end of the century, the estimated economic losses under a high emissions sce-
nario (SSP585) are twice the magnitude of the estimates under a rapid emissions reduc-
tion and negative emissions pathway (SSP126), highlighting the importance of meeting

the Paris climate agreement targets.

1 Introduction

Extreme rainfall is projected to increase in magnitude and frequency (Myhre et al.,
2019; Griindemann et al., 2022; Seneviratne et al., 2012) leading to increased flood risk
(Trenberth et al., 2003; Westra et al., 2014). This is particularly the case for the most
extreme events and in urban settings (Wasko & Nathan, 2019a; Fadhel et al., 2018; Het-
tiarachchi et al., 2018; Miller & Hutchins, 2017), thereby exacerbating the economic im-
pacts of catastrophic flood events (Arent et al., 2014; IPCC, 2012). Dynamical and sta-
tistical downscaling project increased insurance losses due to anthropogenic climate change
over the rest of this century (Held et al., 2013; Jevrejeva et al., 2018; Dottori et al., 2018).
The economic cost of hurricane Harvey has already been attributed to anthropogenic cli-
mate change (Frame et al., 2020), with more historical studies finding increases rather
than decreases in economic loss (Bouwer, 2011). Despite the overwhelming evidence for
increased economic losses, there is a debate as to whether these increased economic losses
are due to human influence on the global climate system (Neumayer & Barthel, 2011;
Nicholls, 2011). This is in part due to (1) the complexity of the methodologies used for
modelling changes in economic losses and (2) the complexity in modelling the impact
of climate change on the catastrophe. For example, while increases in extreme rainfall
lead to increased flooding, particularly in urban areas (Hettiarachchi et al., 2018), some
floods have been shown to reduce with climate change. This is due to a complex change
in antecedent conditions, and shifts from snow melt-driven to rainfall-driven flooding world-
wide (Ivancic & Shaw, 2015; Sharma et al., 2018; Wasko, 2022; Zhang et al., 2022; Bloschl
et al., 2019)

Approaches to modelling the impact of climate change on the economy can be broadly
categorised as either (1) economic models termed Integrated Assessment Models (IAMs),
which link climate covariates to GDP, or (2) Catastrophe (CAT) models which follow
the chain of models approach, downscaling climate change impacts, modelling the changed
hazard, and ultimately linking the change in hazard to the change in loss. Both model
classes are complex and heavily parameterised. Goodess et al. (2003) reviewed many of
the earlier [AMs which were fundamentally statistical and designed to be all encompass-
ing, capturing the complex interactions (including feedback effects) between society and
the environment. More recently Tol (2024) performed a meta-analysis on a wide range
of more recent studies that increasingly rely on computable general equilibrium mod-
els or econometric analysis. Both reviews demonstrated that many studies only predicted
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a mild impact from climate change on the global economy. Some studies even concluded
the global economy or specific countries will be unaffected or benefit from climate change
(Desmet & Rossi-Hansberg, 2015; Newell et al., 2021; Tol, 2002; Horowitz, 2009; Kahn
et al., 2021). The meta-analysis of Tol (2024) for example showed that 2.5°C of warm-
ing would make the average person feel as though they had only lost 1.7% of their in-
come. The uncertainty across models, means there must be more than 4°C of warming
before there will be a negative impact that is statistically significant.

The findings of only a mild impact from climate change are in stark contrast to the
dire warnings of the impacts of climate change from the scientific community (Rogers
et al., 2025; Ho et al., 2025). TAMs may be unrealistic as they discount away the util-
ity of future generations, thereby ignoring the serious impacts of climate change at the
end of the century (Ackerman et al., 2009). Findings are also very sensitive to the shape
of the damage function (Burke et al., 2018; Pezzey, 2019), and are likely to be unreli-
able when distributional outcomes have fat tails (Weitzman, 2009), which is often the
case when modeling extreme (rare) events. One of the key issues is the use of histori-
cal data to fit econometric relationships that may not hold in a warmer future. Further,
the models are typically calibrated to best fit central tendencies, not the tail of the dis-
tributions, which makes extrapolation to future rare events challenging.

Rather than focus on the mean, CAT models emphasise extreme events. This model
class is generally utilised by insurers to quantify the risks of potential claims. These mod-
els typically contain (1) a module to generate potential events; (2) a hazard module that
uses climate and geospatial data to estimate the intensity and location of each event; (3)
an engineering module that has detailed data about the assets to quantify the damage;
and (4) a financial module to calculate potential claims. CAT models typically employ
highly granular geospatial data. Implementation requires considerable judgement, cal-
ibration and fine tuning. CAT modelling of future economic losses mimics the standard
chain of models approach to impact modelling (Hakala et al., 2019). Here, a climate sce-
nario is chosen, and this forms the boundary conditions for which the influence on the
hazard (e.g. extreme rainfall or flooding) is modelled at the local scale, before the finan-
cial cost is calculated.

The high level of detail in CAT models suggests high levels of precision. However,
even without considering the uncertainty due to climate change, CAT models often pro-
vide wildly different estimates due to their high level of parameterization (Cabantous
& Dupont-Courtade, 2015). Weinkle and Pielke Jr (2017) for example report that a risk
manager could with 95 percent confidence, select any value between $33-$192 billion USD
as an estimate of hurricane risk in Florida. They therefore argue that CAT risk estimates
are a function of choice, preferences and politics, rather than science. Although exam-
ples of flood risk impact modeling are abundant in the literature (Madsen et al., 2014;
Fadhel et al., 2018; Hirabayashi et al., 2013; O’Shea, Nathan, Wasko, Ho, & Sharma, 2024;
Alfieri et al., 2015), the proprietary nature of CAT models means that research on cli-
mate change and CAT models is sparse (Thistlethwaite et al., 2018).

Flood analysis using CAT modelling typically uses daily precipitation scenarios from
downscaled Global Climate Models (GCMSs) as inputs into a hydrological model to phys-
ically simulate flood peaks. An extreme value distribution is fit to the flood peaks, and
results are translated into damages. This requires data on topography, asset distribu-
tion, population density and depth-damage functions (Alfieri et al., 2015; Arnell & Gosling,
2016; Bouwer et al., 2010). Given the complexities surrounding the causes of flooding,
Ogden (2021) argues the hydrological models used in such impact analyses suffer from
huge uncertainties, heterogeneities, non-linearities and other poorly understood phenom-
ena - not withstanding the uncertainties in downscaling, and model and scenario choice
(Hakala et al., 2019). Linking simulated flood peaks to damages is even more uncertain.
Merz et al. (2010) and Jongman et al. (2012) critique the huge variety of damage mod-
els that differ substantially. For example Jongman et al. (2012) compare seven flood dam-
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age functions across similar regions in Europe. At an inundation depth of 2 metres for
example, the percentage damage to asset values varies from approximately 10% to 85%.
Uncertainty in the depth damage curves and asset values is therefore far more impor-
tant than uncertainties in the hydrological models. Despite this, damage functions are
often “treated as some kind of appendix within the risk analysis” (Merz et al., 2010).

Due to the existential threat climate change poses, financial institutions, corpora-
tions and governments are now required to report and manage the long term tail risks
associated with climate change (Fiedler et al., 2024) and hence projection of economic
loss is now a mandatory requirement. International Financial Reporting Standards (IFRS
S1 and S2) require disclosures about climate related risks over the short, medium and
long term. However, the methods currently used to project economic losses are subject
to low confidence. This is in part due to the high levels of discretion involved in the mod-
eling process, as well as the sensitivity of results to assumed relationships and param-
eter values, with many of the parameters, relationships and inputs often uncertain.

To overcome the uncertainties in the projection of future economic losses, and ad-
dress the need for institutions to model their future exposure to climate risks in a ro-
bust, parsimonious, and defensible manner, we present a novel approach to calculate fu-
ture economic loss. We combine a non-stationary multivariate Poisson distribution to
model the frequency of extreme events for each grid cell, with a conditional Generalised
Pareto distribution (GPD) to model their severity. Our statistical distributions are linked
to historical climate and demographic covariates. This allows projections of demograph-

ics and climate under Shared Socioeconomic Pathways (SSPs 126, 245, 370 and 585) (O’Neill

et al., 2016) to simulate 10 year aggregate loss distributions from 2020-29 to 2080-89.

Given that flooding is by far the most pervasive climate risk (McDermott, 2022), we il-
lustrate our method by considering property damage from flooding across the IPCC Sixth
Assessment Report (ARG) reference region of Western North America (WNA) (Iturbide

et al., 2020). While previous literature has modeled changes in climatic extremes via ex-
treme value distributions linked to covariates (Maposa et al., 2017; O’Shea, Nathan, Wasko,
& Sharma, 2024; Osman et al., 2015; Khaliq & Cunnane, 1996), to our knowledge this
presents the first attempt at modeling extreme losses directly using non-stationary ex-
treme value analysis.

2 Methods

We seek to project an expected aggregate loss distribution for a geographic region
(WNA) over a given time period. To do so, we combine a non-stationary multivariate
Poisson distribution with conditional Generalised Pareto distributions. In Section 2.1
we discuss estimation of non-stationary univariate Poisson and conditional GPDs for each
grid cell. In Section 2.2 we extend our methods to projection in the multivariate setting.
We allow for spatial dependence between event occurrence across grid cells (via a non-
stationary multivariate Poisson distribution). Consistent with the data, our severity dis-
tributions have tail event magnitudes that are cross-sectionally and inter-temporally in-
dependent.

2.1 Parameter estimation

Loss records are typically short in duration and irregularly spaced in time. We there-
fore employ a peak over threshold approach, by modeling both the arrival and intensity
of the catastrophic event and its associated loss. Consider the economic loss as a ran-
dom variable Z; where ¢ = 1,...N are the events above a threshold p, and the number
of events N occurring within a year is also a random variable. The frequency of the events
is assumed to follow a Poisson distribution:
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Where A is the arrival rate of the extreme events which is allowed to vary with time
t. The magnitude of the loss Z; is modeled using a GPD, represented by:

Fly)=1-(1+¢&y) ¢ ¢#£0 (2)

F(y)=1—exp(—y) £=0 (3)

where ¢ is the shape parameter, y = (Z — p)/o, and o > 0 is the scale parame-
ter. We allow the scale and shape parameter to vary as a function of covariates. As loss
distributions are highly positively skewed, we impose & > 0 and o > 0 by:

o(XTa) =exp(XTa) (4)

E(XTB) = exp(XTB) ()

where X denotes the matrix of covariates, and « and 8 denote parameter vectors.

To calculate the loss for a geographical region (here WNA) over a given time pe-
riod, we divide the region into grid cells equivalent to each WNA state. GCMs have hor-
izontal grids of varying sizes. For all climate metrics, we calculate values per state by
doing a weighted average of the GCM grid cells pertaining to the state. The weights are
calculated to represent the percentage of the state area that the grid cell occupies. So,
for state ¢, the weight of cell j will be W; = A(iNj)/A;, where A(iNJ) is the area of
the cell j contained within state ¢ and A; is the total area of the state, so Ej W; =1.

The marginal X for each state (or grid cell) is the total number of events divided
by the number of years. To estimate the GPD parameters, we measure our losses on a
real per capita basis for each state. We then use a maximum likelihood estimator to fit
conditional GPDs to the pooled losses (across all WNA states), given temporal and spa-
tial independence (see Section 3.2). The conditional scale and shape parameters are there-
fore the same across all states, but their projections vary for each state’s climate model
simulation. Given the complexities associated with flooding, we consider a wide range
of covariates. To prevent overfitting of the GPDs we consider a maximum of two covari-
ates for each model at a time. We consider all possible covariate combinations ranging
from a model with no covariates, to one where either the scale or shape parameters have
two covariates.

2.2 Projection of loss distributions

To project the aggregate loss distribution for a geographical region, the frequency
and magnitude distributions are simulated for each cell (i.e each WNA state), and then
aggregated. The frequency is projected using a simple linear trend in the rate param-
eter, while the magnitude distribution is projected from GCM realizations of the covari-
ates.

Here an ensemble of ten GCMs are chosen for the covariate realizations (see Sec-
tion 3.3), and we use the five best GPD models for each GCM based on the Akaike In-
formation criterion (AIC). This means that to capture the projection uncertainty for a
given SSP, 50 GPDs are considered for each replication when simulating aggregate loss
distributions. For a given SSP (126, 245, 370, 585) the following steps are performed:
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1. For a given year, simulate the number of extreme events for each grid cell. This
is done via a random draw from the multivariate Poisson distribution. While the
magnitude of the events is spatially independent, their occurrence is not, so spa-
tial correlations are preserved between event occurrence using the NORTA cor-
rection (Yahav & Shmueli, 2012).

2. For each grid cell with non-zero tail events, the magnitude of the economic loss
per capita is simulated via a random draw from a GPD with GCM simulated co-
variates. For the covariates that are normal by construction, we obtain a random
draw beyond the 90th percentile from the gaussian density. For the remaining co-
variates, we obtain 240 months of covariate values (120 months backward look-
ing, 120 months forward looking) and fit a stationary GPD to the top 10% of ob-
servations (24 data points). We note that the 20 year window is consistent with
the IPCC assessment for assessing changes in temperature and precipitation ex-
tremes, and it can be assumed that precipitation extremes are appropriately sta-
tionary over this time window (Kharin et al., 2007).

3. The simulated loss is scaled by the population projection for the grid cell.

4. The simulated losses for each grid cell are aggregated to obtain region wide ag-
gregated losses.

5. Steps 2-4 are repeated for the remaining GPDs associated with the first GCM. The
simulated loss for the first GCM is the median estimate from GPDs 1 to 5. Steps
2-4 are then repeated for the remaining nine GCMs. This provides 10 aggregate
losses for the year, one for each GCM.

6. This process is repeated for each year in the time horizon.

7. The Value at Risk (VaR) is calculated for the time horizon as the relevant per-
centile of the aggregate losses for that region - e.g. the 95% VaR is the 95th per-
centile of the simulated future losses.

Our loss simulation performs 1000 replications, which produces 10,000 aggregate
losses for each year (1000 simulated losses for each of the 10 GCMs). For simulations over
the 1960-2014 validation period, we calculate the mean, median, 90th and 95th percentiles
for each GCM as well as across all GCMs. For our projections (from 2015-2089), we cal-
culate the same metrics for temporally aggregated losses across decades (2020-29, 2030-
39,..., 2080-89).

3 Data

The methodology is demonstrated by estimating property losses from flooding for
the WNA region. The states within the WNA region are Arizona, California, Colorado,
Idaho, Montana, New Mexico, Nevada, Oregon, Utah, Washington and Wyoming. Each
geographical state represents one grid cell - hence we model a total of 11 grid cells (Fig-
ure 1). Finer resolution modeling could be attempted in the future, as loss data is avail-
able at the county level, but more granular modeling was not attempted here as (1) the
GCM grid sizes used for covariate modeling are larger than most counties, and this would
even apply to some of the regional climate models, and (2) county level loss data is un-
reliable, as losses are often equally distributed across affected counties within the state.

3.1 Property flood loss data

Loss data are provided by SHELDUS: a hazard data set maintained by Arizona State
University Centre for Emergency management and Homeland security (ASU Center for
Emergency Management and Homeland Security, 2025). It consists of direct property
damage from flooding for each WNA state on a monthly basis from 1960. The loss for
each state is converted to a per capita value using the population estimate as at 2020.

As the historical CMIP6 simulations terminate at 2014, for consistency we use loss data
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Figure 1. Property flood loss data per state. (a) Total losses in billion USD for each state (b)
Population density (c) Total number of observed catastrophes (d) Number of observed catastro-

phes in the top 10%. Details are presented in Table 1.

up to and including 2014. Coastal flooding is excluded and WNA is not subject to hur-
ricanes, so we avoid the complications associated with compound events.

Here only observations in the tail are used, defined as the top 10% of pooled per
capita losses. Threshold selection involves a tradeoff between bias (where too many ob-
servations include non-tail events, violating the asymptotic theorem) and variance (where
too few observations increase parameter uncertainty). Scarrott and MacDonald (2012)
review the huge variety of methods used to determine the threshold ranging from graph-
ical, rules of thumb, probabilistic and computational. Here we employ the upper 10%
rule of thumb commonly applied in practice (DuMouchel, 1983; McNeil & Frey, 2000).
Direct property losses from flooding totaled 13.94 billion USD (in 2020 dollars). The top
10% of flood events (146 obs) total 12.78 billion USD - 92% of total losses. Similar per-
centages apply to the losses in each decade. These results highlight the heavy right tail
of the loss distribution, the need for extreme value analysis, and the reasonableness of
the loss simulation assumption that observations below the threshold are zero.



266 Table 1 reports direct property losses from 1960-2014 by WNA state, with these

267 losses and the population density summarized in Figure 1. Although the cost of flood

268 events is highest in California, largely due to the higher population density, flood events

269 both in total and in the tail are fairly evenly spread across all states. The tail events for

270 each state also represent a high percentage of the total loss across all states. The excep-

on tion is New Mexico where tail events only represent 64% of the total loss. The total pop-
o7 ulation and population density are highly correlated with tail losses - with correlations

213 of 0.88 and 0.92 respectively.

Table 1. Direct property losses from flooding by WNA state (1960-2014)

All observations Tail observations Population 2020

State No obs Loss $bn No obs Loss $bn % tot loss Tot M Density (/km?)
Arizona (AZ) 152 0.874 16 0.733 84% 7.2 24.3
California (CA) 186 4.603 12 4.048 88% 39.5 98.0
Colorado (CO) 136 2.116 11 2.041 96% 5.8 21.5
Idaho (ID) 129 0.237 9 0.206 87% 1.8 8.6
Montana (MT) 100 0.097 12 0.077 80% 1.1 2.9
New Mexico (NM) 178 0.232 14 0.148 64% 2.1 6.7
Nevada (NV) 123 1.181 15 1.142 97% 3.1 10.9
Oregon (OR) 97 1.604 17 1.563 97% 4.2 17.0
Utah (UT) 151 0.727 11 0.665 91% 3.3 15.4
Washington (WA) 126 2.119 10 2.014 95% 7.7 44.8
Wyoming (WY) 80 0.150 19 0.142 95% 0.6 2.3
Total 1458 13.940 146 12.778 92% 76.4

274 The non-stationary GPD modeling requires independence between events (Beirlant

215 & Goegebeur, 2003; Ma et al., 2020). Cross-sectional dependence is possible in per capita

276 flood losses, as an extreme flood event may occur in several states. Inter-temporal de-

277 pendence across months is less likely as most floods are short lived. To test for both forms

278 of dependence, a panel from 1960 to 2014 by US state was created, where months with-

279 out a flood loss in the tail are zero. The average correlation is 0.0389, with a median of

280 -0.0040 and a 90th percentile of 0.1292. These low levels of cross sectional dependence
281 are consistent with the CD test statistic of 1.4532 (p-value 0.15), which fails to reject

282 the null of no cross-sectional dependence (Moscone & Tosetti, 2009). The panel Ljung
283 Box test statistic of 41.605 (p-value 1.00) for a lag of 1, also fails to reject the null of no
284 serial correlation. We conclude the per capita loss does not suffer from cross-sectional

285 or inter-temporal dependence and estimate our GPDs using all the raw data.

286 3.2 Change rate for the Poisson Distribution

287 Despite clear increases in extreme rainfall (Sun et al., 2021), globally there is no

288 clear evidence that flood frequency has increased over recent decades (Kundzewicz et al.,

289 2014; Yang et al., 2021). Indeed, one is more likely to not find a climate change signal
290 in flood data due to high variability in flood observations (Villarini & Wasko, 2021). How-

201 ever, the frequency of extreme precipitation is expected to increase throughout this cen-

200 tury, and it’s expected that flood frequency will increase as a result, particularly for the

203 rarest events (Wasko et al., 2023). While further research is required into the appropri-

204 ate climate covariates for non-stationary frequency models, as the dynamic drivers vary

205 across regions (O’Shea, Nathan, Wasko, & Sharma, 2024), we accept that the frequency

206 of flood events will change in the future. We don’t link our Poisson parameter to covari-

207 ates, as is performed for the GPD. Instead, we update A each year from 2015 to 2089

208 based on linear estimates (Table 2) of projected changes in the probability of exceedance

209 for extreme rainfall published in Li et al. (2021). While an approximation, we note that

300 these rates of change correspond to other published observed and projected trends (Papalexiou

301 & Montanari, 2019; Myhre et al., 2019). As Li et al. (2021) present their ratios/scaling



302 factors as a function of temperature increases relative to a 1985-2014 baseline, this in-

303 crease in frequency is linearly apportioned over 2015 to 2089 by dividing by the temper-
304 ature increase. Different scaling factors are applied for different SSPs to respect the non-
30 linearity of the scenarios.

Table 2. ) scaling factors for multivariate Poisson distribution over projection period

SSP ‘Warming 2081-2100 Scaling factor Scaling factor
rel to 1985-2014 (°C) final year (2089) increase per year

126 0.8 1.075 0.00100

245 1.7 1.203 0.00271

370 2.6 1.535 0.00714

585 3.4 1.852 0.01136
306 3.3 GPD Covariates
307 Given that floods are complex and generated by different processes, we consider
308 a range of GCM covariates designed to capture precipitation intensity and duration, soil
300 conditions, urbanisation and temperature. We consider the following covariates for each

310 WNA state: 1) maximum 5 day precipitation (inches per day); 2) maximum 1 day pre-

311 cipitation (inches per day); 3) 3 month standardised precipitation; 4) 6 month standard-
312 ised precipitation; 5) 12 month standardised precipitation; 6) total precipitation (inches
313 per day); 7) population density (total state population/land size (km?)) and 8) monthly
314 average temperature.

315 Standardized precipitation indices are a transformation of the probability of a given
316 amount of precipitation in “x” months. The index is zero at the median. The greater

a7 the departure from zero, the drier (-) or wetter (+) an event lasting “x” months com-

a1 pared to the long-term. This allows comparisons at different locations with very differ-

319 ent climates; an index value at one location is the same relative departure from the me-
320 dian as another location. Indices are calculated at different time scales since it is pos-

321 sible to experience dry conditions at one time scale but wet conditions over another. The
322 indices may be viewed as a proxy for the pre-existing soil conditions, noting that for more
323 extreme rainfall events, soil conditions are less important (Wasko & Nathan, 2019a).

324 We evaluate CMIP6 models against observed rainfall from the Rainfall Estimates

325 on a Grid Network (REGEN) (Contractor et al., 2020) for each index in Isphording et
226 al. (2024). This resulted in the selection of ten CMIP6 GCMs (Table 3). For each GCM,
327 we use the first member of the ensemble. As stated in section 2.1, the covariate for each
328 state is a weighted average of the areas of the GCM grid cells that overlapped the state
329 area.

330 While climate change has caused increasing losses from extreme weather, increases
331 in population, wealth, and assets in at risk areas also increase losses (Bouwer et al., 2010;
332 Changnon et al., 2000; Crompton & McAneney, 2008). Asset price inflation and wealth
333 effects are controlled by using losses in current (2020) US dollars. Consistent with the

334 per capita loss, the GPD fitting over 1960-2014 employs state level population densities
335 as at 2020. For the projections (2015-2089), we use population density as a proxy for changes

336 in urbanisation and assets at risk. While each SSP consists of a qualitative narrative and
337 quantified projections for population, the SSPs have been developed on a global and na-
338 tional scale, and do not account for changes within a nation. The main population growth
330 scenario from the US census bureau as at 2023 is therefore used, and it assumed the to-
340 tal percentage change applies to all states. For the years 2015-2023 we calculate pop-

341 ulation densities using actual population.



Table 3. CMIP6 models included in this study.

Model Resolution Institution Reference

ACCESS-ESM1-5 250km Commonwealth Scientific and Industrial Re- (Ziehn et al., 2020)
search Organisation, Australia

ACCESS-CM2 250km Commonwealth Scientific and Industrial Re- (Bi et al., 2020)
search Organisation, Australia

BCC-CSM2-MR 100km Beijing Climate Centre, China (Wu et al., 2019)

CanESM5 500km Canadian Centre for Climate Modelling and (Swart et al., 2019)

Analysis, Environment and Climate Change
Canada, Canada

CMCC-ESM2 100km Euro-Mediterranean Centre on Climate Change, (Lovato et al., 2022)
Italy

CMCC-CM2-SR5 250km Euro-Mediterranean Centre on Climate Change, (Lovato et al., 2022)
Italy

MIROC6 250km JAMSTEC (Japan Agency for Marine-Earth (Tatebe et al., 2019)

Science and Technology, Japan), AORI (At-
mosphere and Ocean Research Institute, The
University of Tokyo, Japan), NIES (National
Institute for Environmental Studies, Japan),
and R-CCS (RIKEN Centre for Computational
Science, Japan)
MPI-ESM1-2-LR 250km Max Planck Institute for Meteorology, Germany (Mauritsen et al., 2019)
and Alfred Wegener Institute and Helmholtz
Centre for Polar and Marine Research, Germany
NorESM2-LM 250km NorESM Climate modeling Consortium con- (Seland et al., 2020)
sisting of CICERO (Center for International
Climate and Environmental Research), MET-
Norway (Norwegian Meteorological Institute),
NERSC (Nansen Environmental and Remote
Sensing Center), NILU (Norwegian Institute for
Air Research), UiB (University of Bergen), UiO
(University of Oslo) and UNI (Uni Research),
Norway
NorESM2-MM 100km NorESM Climate modeling Consortium con- (Seland et al., 2020)
sisting of CICERO (Center for International
Climate and Environmental Research), MET-
Norway (Norwegian Meteorological Institute),
NERSC (Nansen Environmental and Remote
Sensing Center), NILU (Norwegian Institute for
Air Research), UiB (University of Bergen), UiO
(University of Oslo) and UNI (Uni Research),

Norway
302 4 Results
33 The results are presented in three parts. First the estimation of the parameters is
344 presented. The performance of the model is then evaluated by presenting estimates of
345 the historical VaR. Finally, future loss estimates are projected using a positive linear trend
346 in the arrival frequency of events and GCM covariates for event severity.
347 4.1 Parameter estimation
348 The marginal Poisson parameter for each state (\) is estimated from the top 10%
349 of losses per capita from the pooled data from 1960-2014. The marginal A\ for each state
350 is the total number of events divided by the number of years (55). The parameters are
351 reported in Table 4. For example, Arizona expects 0.291 extreme flood events per year

352 (2.91 per decade), similar to the other states.

353 In addition, our frequency distribution needs to preserve the correlation between

354 tail events across the WNA states. The correlations in Table 4 are based on a panel that
355 records the number of tail events by state per annum. So that a standard Cholesky de-
356 composition can be employed, we use the NORTA (NORmal To Anything) correction

357 (Yahav & Shmueli, 2012) when generating the number of tail events per year.
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Table 4. Multivariate Poisson distribution parameters (annual frequency)

Ariz Calif Color Idaho Mont New Mex Nevada  Oregon Utah Wash  Wyom

Marginal density

X 0291 0218 0200 0.164 0.218 0.255 0.273 0.309 0200 0.182  0.364
Extreme flood event correlations
Ariz 1.000  0.038 -0.079 -0.042  0.042 0.193 0.035  -0.044  0.128 -0.061  0.071
Calif 0.038  1.000  0.237  0.485 0.427 -0.084 0.374 0.223  0.507  0.079  -0.093
Color -0.079  0.237  1.000  0.416  0.064 0.193 0.534 0.386  0.262  0.098  -0.143
Idaho -0.042  0.485  0.416  1.000 0.534 -0.114 0.395 0.383  0.612  0.141  -0.096
Mont 0.042 0427 0.064  0.534  1.000 0.000 0.269 0.392 0459  0.087  0.215
New Mex  0.193 -0.084  0.193 -0.114  0.000 1.000  -0.046  -0.016 -0.064 -0.044  0.069
Nevada 0.035  0.374  0.534  0.395 0.269 -0.046 1.000 0.414 0269  0.227  -0.019
Oregon -0.044 0223 0.386  0.383 0.392 -0.016 0.414 1.000  0.318  0.068  -0.059
Utah 0.128  0.507  0.262  0.612  0.459 -0.064 0.269 0.318  1.000  0.003  0.005
Wash -0.061  0.079  0.098  0.141  0.087 -0.044 0.227 0.068  0.003  1.000  0.033
Wyom 0.071 -0.093 -0.143 -0.096 0.215 0.069  -0.019  -0.059  0.005  0.033  1.000
Table 5 reports the top 5 GPD models and their selected covariates for each GCM.
The last column for each model reports the AIC. To illustrate, the best model for GCM1
uses the first covariate (maximum 5 day precipitation) as a conditional scale parame-
ter («). The shape parameter () is estimated unconditionally. Standardised 3 month
precipitation (Covariate 3) was never selected. Temperature (Covariate 8) was also never
selected as we imposed a condition that the coefficients need to be strictly positive, and
the correlation between the economic loss and temperature was always negative. The
best models were more likely to have a non-stationary scale parameter (61 times) than
shape parameter (15 times). Overall, population density and total precipitation were the
most common covariates. The most frequently used scale covariates were population den-
sity (24 times), total precipitation (17 times), and 5 day maximum precipitation (13 times).
Of the standardized precipitation metrics, the 12-month horizon was selected only once.
For the shape parameter, the most frequently used covariates were total precipitation
(5 times) and standardised 6 month precipitation (5 times).
Using a criteria of 1 AIC unit as a model improvement, 30 of the non-stationary
models (out of the 50 models) provide a better fit than the stationary model. This would
suggest retaining all GPDs from GCMs 1, 2, 4, 6, 8 and 9 and removing all GPDs from
GCMs 3, 5, 7 and 10. While we could have removed these models, they are retained for
completeness as their coefficient estimates are reasonable, and their inclusion in an en-
semble can improve projection (Wang et al., 2023).
Table 5. Top 5 GPD models for each GCM. Covariate numbers listed in Section 3.3
Model 1 Model 2 Model 3 Model 4 Model 5
GCM a B AIC a B AIC a B AIC a B AIC a B AIC
1 1 884.8 1,7 884.9 6,7 885.2 2,7 885.5 6 885.5
2 1,7 884.0 1 884.3 6,7 885.0 6 885.7 1 4 886.2
3 7 886.8 7 1 8873 7 5 8875 887.7 1,7 887.8
4 6 879.0 6,7 880.3 6 5 880.6 5,6 881.0 1,6 881.0
5 7 886.8 6,7 887.0 6 887.3 1,7 887.6 2,7 887.6
6 6 885.4 6,7 885.4 7 6 886.2 6 886.5 6 4 886.7
7 7 886.8 2,7 887.6 887.7 2 887.9 7 2 8880
8 1 884.9 1,7 885.4 6,7 885.5 2 885.7 6 885.9
9 1 4 8822 2 4 8828 1 883.9 6 4 8842 1 6 884.6
10 7 886.8 887.7 7 6 887.9 6 888.4 7 2 8886
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4.2 Historical Evaluation

To evaluate the fitted models, we simulate the yearly aggregate loss distribution
over the sample period using the multivariate Poisson parameters in Table 4 and the 50
GPD models in Table 5. This is performed both with the observed historical data for
each of the covariates, as well as the GCM simulated covariates. For the non-Gaussian
covariates, we employ a +/- 10 year window to fit the stationary GPD to each covari-
ate, and test our annual VaR estimates against aggregate WNA flood losses from 1960
to 2004. Consistent with the GPD calibration in Table 5, we use a constant population
(and density) as at 2020 for each year. For comparison we also include VaR estimates
using a stationary (i.e. no covariate) loss distribution, obtained by aggregating tail losses
for all months in the year across the WNA states. The VaR estimate for a given level
of confidence is the corresponding percentile.

If the loss simulations are well calibrated, observations that exceed the VaR should
occur at a rate consistent with the confidence level. To illustrate, at a 95% level of con-
fidence, actual flood losses should only exceed the VaR estimate 5% of the time. To for-
mally test this we consider the test of Kupiec (1995). Let N = the number of times the
loss exceeds the VaR estimate, T = the total number of observations, N/T = the VaR
violation rate, and p = 1 - the level of confidence. The test has a null Hy : N/T = p,
an alternative H, : N/T # p and a critical value of x?.

Table 6 reports results for 90% and 95% VaR levels. All approaches fail to reject
the null at conventional significance levels, suggesting our loss simulations are well cal-
ibrated. The simulations with covariates however, are no better than an estimate using
no covariates. This is consistent with inconclusive evidence surrounding the impacts of
climate change on historical flood risk (Kundzewicz et al., 2014). The same however can-
not be said for the latter part of this century, as the impacts of climate change are ex-
pected to increase. Projections over the coming decades require time-varying densities,
as unconditional estimates are likely to seriously underestimate tail risks.

Table 6. Historical simulation of VaR

VaR Avg VaR N Rate Kupiec p-value
($bn, USD) (%) test statistic

Unconditional density

90% 7.109 3 6.7 0.622 0.430

95% 9.708 2 4.4 0.030 0.862

Simulation using actual covariates

90% 4.955 6 13.3 0.508 0.476

95% 7.914 3 6.7 0.239 0.625

Simulation using GCM covariates

90% 6.521 5 11.1 0.060 0.807

95% 10.641 2 4.4 0.030 0.862

4.3 Projections

Aggregate losses are projected for SSP126, 245, 370 and 585. We employ the GPDs
from Section 4.1, and the non-stationary multivariate Poisson distribution parameters
which are scaled each year according to the ratios in Table 2. Table 4.3 reports the mean,
median, VaR 90% and VaR 95% loss estimates by decade for each SSP. We omit GCM9
(BCC-CSM2-MR) estimates as they were 2-3 times greater than the remaining GCMs.
For illustration, consider SSP245. The average loss across all WNA states for the 2020s
in current dollars, is projected to be 4.621 billion USD. This will increase to 6.414 bil-
lion USD (current dollars) in the 2080s. The 95% VaR estimates suggest that 95% of the
time, losses in the 2020s will not exceed 12.353 billion USD, but this threshold will in-
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crease to 16.806 billion USD over the 2080s. Higher warming scenarios result in consid-
erably higher loss estimates, with the VaR at the 95% level in the 2080s under SSP585
estimated at 28.028 billion USD. This is double the estimate under SSP126 of 14.323 bil-
lion USD.

Table 7. Direct property damage from flooding (current billions USD)

2020s 2030s 2040s 2050s 2060s 2070s 2080s

SSP126

mean 4.373 4.876 4.965 5.180 5.403 5.476 5.444
median 3.133 3.486 3.509 3.649 3.876 3.905 3.820
VaR 90% 8.499 9.345 9.494 9.821 10.242 10.642 10.330
VaR 95% 11.441 12.801 12.897 13.600 13.962 14.395 14.323
SSP245

mean 4.621 4.708 5.213 5.455 5.638 5.999 6.414
median 3.337 3.396 3.832 4.041 4.106 4.315 4.610
VaR 90% 8.932 9.097 9.995 10.333 10.665 11.519 12.212
VaR 95% 12.353 12.285 13.594 13.857 14.157 16.238 16.806
SSP370

mean 4.879 6.618 5.866 6.703 6.979 7.617 8.432
median 3.556 3.885 4.339 4.736 5.147 5.611 6.136
VaR 90% 9.267 9.933 11.098 12.409 12.812 14.318 15.629
VaR 95% 12.186 13.360 15.114 16.174 17.576 19.176 21.410
SSP585

mean 5.088 6.258 7.143 7.930 9.381 10.521 11.590
median 3.647 4.536 5.138 5.766 6.754 7.261 7.920
VaR 90% 9.487 11.747 13.650 14.957 17.362 18.580 20.547
VaR 95% 12.837 16.137 18.611 20.366 23.338 25.249 28.028

To examine the variability in estimates across GCMs, Figure 2 presents boxplots
by decade for SSP245 and SSP585. Each boxplot represents the GCM variability - where
each statistic (mean, VaR90%, VaR95%) is calculated only using the simulated losses
for each GCM. The results demonstrate the projected increases across the decades and
SSPs presented in Table 7. They also demonstrate higher levels of GCM uncertainty to-
wards the end of the century. The VaR at 95% under SSP585 over the 2020s, has an inter-
quartile range of 5.75 billion USD (15.35 billion USD (Q3) - 9.60 billion USD (Q1)) which
increases to 13.33 billion USD in the 2080s. Comparing the variability between the SSPs
(the two columns) and the GCMs (boxplots), it is evident that the GCM uncertainty dom-
inates the future loss estimates, with the inter-quartile ranges greater than the median
differences between SSPs. However, despite the large GCM variability, loss increases due
to climate change are much worse under SSP585 than under SSP245. By the end of the
century, SSP585 would double the VaR at 95%, whereas the percentage increase for SSP245
is in the order of 35% (compared to the 2020s). While the increases may be smaller than
the inter-model variability, they still represent large increases in economic loss.

5 Discussion

Here we presented a methodology to project climate change risk that does not rely
on heavily parameterized and computationally expensive CAT modeling. Our method
also allows for examination of the uncertainty due to future climate projections and GCM
choice. To the best of the authors’ knowledge, this is the first study to link climate re-
lated economic losses directly to the hazard through non-stationary statistical model-
ing. While the methodology here is generic and could be applied to any hazard with cor-
responding economic loss data, we applied the methodology to flood losses and acknowl-
edge several assumptions in our analysis.

Our analysis made no allowance for climate adaptation measures or changes in land
cover, housing types or topography. It has been argued that adaptation measures may
offset the increased frequency and magnitude of climatic events (Nicholls, 2011). How-

—13—



8 n a 8 n b
o
0 _| 0 _J
N «Q —_
1
@ o '
g &1 @ 8 ° T
& ° ° & 1 !
&8 ° &8 h
0 10 T ° 1
2 <7 ° - g =] ° 1
] ° : = —_
S = -
§ 2 o ' §S4 1 T
Ulacaeaol| ] oaEE=s
o = - = =
o - SSP245 o SSP585
T T T T T T T T T T T T T T
2020s 2040s 2060s 2080s 2020s 2040s 2060s 2080s
g1c $1d -
o 1
o ° ° :
_ 8 . o _ 8- . !
2 - | T
[%2] ! [%2]
g | - | 8 TTTQQQ
< 94 1 5 o ° ! \
R« ' R« ' X
o o 1
& _ &
—_
gl === mm == F AT
o -
o - SSP245 o SSP585
T T T T T T T T T T T T T T
2020s 2040s 2060s 2080s 2020s 2040s 2060s 2080s
o _] ° Q]
o e ° n f
o
S8 ° T Sy ’ -
—_
o ° : o ° _:_ ! 1
[%)] | [%)]
o _| o _] !
% ® ! % ® ! —_—
X - X |
& 8 - _ 3 8 - [
z — - z -
[ =[==Tmu== : SEas
o] — o |
— g — —
O SSP245 O SSP585
T T T T T T T T T T T T T T
2020s 2040s 2060s 2080s 2020s 2040s 2060s 2080s

Figure 2. Projected Value at Risk. The left column (a, c, e) presents losses for SSP245, while
the right column presents losses for SSP585 (b, d, f). The rows present the mean loss (a-b),
VaR90% (c-d), and VaR95% (e-f)
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ever it is noted that increased exposure of the climate events was modeled through an
increase in the population density. Adaptation measures could be incorporated in the
future through changes in the population density. We note it was assumed that projected
population growth rates for the USA apply uniformly to all WNA states but this assump-
tion could also be relaxed.

The SHELDUS database reports losses at the county level. However for many flood
events, the total loss is equally allocated across the affected counties due to insufficient
information. Indeed of the 6130 county level observations, 57% of losses were identical.
Further, GCM grid sizes are larger than most counties. Given these limitations, we chose
to model each WNA state as a single entity, that is a grid cell. We did not model tail-
dependence across WNA states in the event severity, and only considered it for the event
occurrence. This is due to the statistically insignificant levels of tail dependence in the
per capita losses. If this work is to be repeated at a more spatially granular level, tail
dependence could exist, requiring multivariate extreme value modeling. Future research
could investigate the use of physically downscaled climate model simulations for higher
spatial resolution loss projections, as well as extending the analysis to different regions
and other types of extreme events.

Although per capita losses below the threshold (90th percentile) were assumed to
be zero, it was also assumed that extreme floods occur when the values of the weather
covariates are above their 90th percentile. To assess the reasonableness of this assump-
tion, for each of the 146 historical extreme flood events, we calculated the percentile of
precipitation driving the flood event, using the historical data for that state. The me-
dian precipitation percentile for the 146 events is 0.92, which suggests that this assump-
tion is reasonable.

As per existing studies which model non-stationarity in flooding, the historical re-
lationship between the covariates and extreme losses assumed time invariance. These re-
lationships may be non-stationary, but testing this assumption is beyond the scope of
this study. It may be surprising that temperature is never selected as a covariate. How-
ever, annual, or in this case, monthly local temperature, is a poor predictor of rainfall
magnitude (Barbero et al., 2017) and by extension flood magnitude. Greater extreme
events and flooding are generally associated with lower temperatures, due to the increase
in the duration and frequency of rainfall events resulting in lower temperatures and a
negative correlation (Wasko & Nathan, 2019b). This negative relation is inconsistent with
the Clausius-Clapeyron equation, which will drive increased storm intensity and flood-
ing over the coming century. Positive relationships only result if the temperature sam-
pled is representative of the driving event (Visser et al., 2020, 2021). For completeness,
the above analysis was repeated using the monthly temperature anomaly. The GPD re-
sults were similar to those obtained using temperature, i.e coefficient estimates were con-
sistently negative and statistically insignificant.

The best performing conditional GPD models were more likely to have a non-stationary
scale parameter (61 times) than shape parameter (15 times). This is consistent with (Davison

& Smith, 1990) who suggest modeling the scale parameter conditionally, but the shape
parameter unconditionally. While some studies (Jayaweera et al., 2025) suggest both the
scale and shape parameter should be non-stationary, the additional uncertainty due to
varying the shape parameter generally results in the simpler model being chosen based
on statistical heuristics. The use of large scale GCM covariates for estimating flood risk
is supported by the fact that large-scale climate variability can generally explain geo-
graphic differences in flood discharge (Kim et al., 2024). Indeed large scale GCM covari-
ates similar to those used here, have previously been used to project the magnitude of
future floods (Kim & Villarini, 2024).

Finally, we did not consider compound events, and only modeled pluvial flooding.
Flooding in estuaries could occur due to a high sea level and high river flow (Zscheischler
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498 et al., 2018, 2020). However, it is likely that due to the different meteorological drivers

499 of coastal flooding a different set of covariates would need to be employed. The aim here
500 was not to develop an all-encompassing model of future flood losses, but rather to demon-
501 strate that future economic losses can be successfully modeled using extreme value anal-
502 ysis in a manner which is physically based. Risks associated with compound events as

503 well as different hazards are left to future research.

504 6 Conclusions

505 Here we proposed a new approach to project future economic losses. The approach
506 is general enough to be applied to any economic risk from extreme weather, and can in-
507 corporate both changes in the frequency of events as well as their severity. We employed
508 a non-stationary multivariate Poisson distribution with a conditional non-stationary GPD,
500 that linked the model parameters to climate and demographic covariates. Covariate pro-

510 jections from GCMs for SSPs 126, 245, 370 and 585 were then used to simulate aggre-
511 gate losses. We illustrated the approach by estimating direct property damages from flood-

512 ing across the Western North American states. Projections till the end of this century
513 revealed that higher CO2 concentration levels reflected in the various SSPs significantly
514 increase the potential losses from flooding, with estimates of losses using SSP585 twice

515 the magnitude of those estimated under SSP126.

516 The good behaviour of our model on historical data suggests that the model es-
517 timates may reasonably approximate extreme property damage from floods in regions
518 that have similar hydrological typology, weather systems and levels of economic devel-
519 opment. This is important because loss data sets for other jurisdictions may not exist
520 or lack the number of observations needed to reliably estimate conditional GPDs. Loss
521 projections for similar regions, may therefore employ similar GPD parameter estimates

522 to those used here with the relevant CMIP6 and demographic projections.

523 Avenues for further research include use of additional covariates that measure land
504 use, hydrography, and the spatial distribution of population under various SSPs (Merkens
525 et al., 2016). Future research could also consider other North American regions subject

526 to hurricanes and compound events. As more granular geospatial loss data becomes avail-
527 able, our approach could also be used for smaller geographic regions with finer grid sizes
528 and downscaled weather covariates. Finally, the method could also be applied to other

529 disasters like droughts and fires.

530 Open Research Section

531 Loss data is obtained from the SHELDUS database https://cemhs.asu.edu/sheldus.
532 Observed rainfall can be obtained https://doi.org/10.25914/5ca4c380b0d44 and observed
533 temperature from https://www.ncei.noaa.gov/access/monitoring/climate-at-a-glance/statewide/time-

534 series. GCM variables were calculated using climpact https://github.com/ARCCSS-extremes/climpact.
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